Although bioclogging has been used for various applications, its performance has been unpredictable. We carried out a bioclogging experiment and developed a reactive transport model to understand and quantify geophysical responses to the production of a biopolymer (dextran) in a silica sand porous medium. The developed model was used to predict effectiveness of bioclogging and the associated geophysical signature under different treatment conditions. The porosity reduction calculated from the reactive transport modeling matched the concurrent increase in electrical resistivity and confirmed the dominant contribution of pore fluid conductivity to the bulk electrical conductivity. Correlations between measured electrical phase signals and predicted mineral surface area reduction indicated the controlling effect of mineral surface area on polarization. The joint use of the two methods quantitatively estimated the extent of decrease in porosity as well as effective mineral surface area, both of which are challenging to measure nondestructively in biological systems. The joint use of the geophysical methods and reactive transport modeling provided a better understanding of the dominant processes that govern dextran-based bioclogging and the associated geophysical responses. This opens new opportunities for quantifying changes associated with bioclogging processes and can potentially lead to new conceptual models that relate hydraulic property changes to the porosity and mineral surface area, which will enhance prediction, monitoring, and control of applications that use bioclogging.
INTRODUCTION
Bioclogging is the reduction of the fluid-conducting properties of porous media through the production of exopolymer, biomass/biofilm growth, and/or the generation of metabolic byproducts such as biogenic gas and biomineralization. Bioclogging studies have been carried out numerically and experimentally in both laboratory Cunningham et al., 1991; Baveye, 1992a, 1992c; Wu et al., 1997; Baveye et al., 1998; Kim and Fogler, 2000; Brovelli et al., 2009 ) and field scales (Li et al., 2010) . Although bioclogging is typically considered to have negative effects on industrial and medical applications (Videla and Characklis, 1992; Khardori and Yassien, 1995; Bott, 1998; Brown, 2010) , engineered/preferential bioclogging has been explored as a viable technique for bioremediation of contaminated soils (Zhang et al., 1995) , improvement of soil strength and hydraulic properties in geotechnical engineering (Ivanov and Chu, 2008) , microbialenhanced oil recovery (MEOR) (Abdel-Waly, 1999) , and, potentially, CO 2 sequestration (Mitchell et al., 2009 ). Understanding and controlling bioclogging processes are hindered by limited predictive and monitoring capabilities. In the case of MEOR, although there have been hundreds of field tests (Brown, 2010) , the lack of advanced modeling and monitoring tools has contributed to suboptimal performance.
Bioclogging studies at various spatial scales have primarily focused on examining biofilm growth and the associated evolution of hydraulic conductivity. Experiments and models at the column scale have been used to establish constitutive relationships between porosity and permeability (Thullner et al., 2002) . Pore-scale models have been developed to understand the mechanisms of bioclogging (Baveye and Valocchi, 1989; Tan et al., 1994; Clement et al., 1996; Kildsgaard and Engesgaard, 2001; Thullner et al., 2004) . However, detailed evolution of processes and properties during bioclogging processes, including time-dependent porosity and mineral surface area changes that can be critical in controlling the bioclogging processes, are typically challenging to measure nondestructively.
Non-and minimally invasive geophysical monitoring techniques have been proven to be very useful for the characterization of processes in heterogeneous subsurface (Rubin and Hubbard, 2005; Snieder et al., 2007) , especially for capturing dynamic changes due to biogeochemical interactions in subsurface. Among the geophysical techniques, time-lapse electrical geophysical methods hold potential for providing quantitative information about subsurface biogeochemical changes (Daily, 1984; Parra, 1988; Ntarlagiannis et al., 2005a Ntarlagiannis et al., , 2005b Atekwana and Werkema, 2006; Davis et al., 2006; Personna et al., 2008) . Such biogeochemical processes include microbial colonization and growth, changes in pore-fluid geochemistry, mineral surface modification as well as mineral dissolution/precipitation, gas production/exsolution, and changes in redox conditions (Abdel Aal et al., 2004; Ntarlagiannis et al., 2005a; Williams et al., 2005; Atekwana and Werkema, 2006; Personna et al., 2008; Atekwana and Slater, 2009 ). All of these changes can result in electrical signals of varying magnitude. For instance, metal sulfide precipitation (Ntarlagiannis et al., 2005a; Slater et al., 2005; Personna et al., 2008) , often observed during subsurface remediation, produces an electric polarization signal, the magnitude of which is controlled by the surface area of the precipitated minerals (Hubbard and Rubin, 2000; Thullner et al., 2004) . Electrical polarization has also been observed to be associated with calcite precipitation (Wu et al., 2010 (Wu et al., , 2011 . Changes in electrical resistivity and polarization signals have also been documented to be associated with microbial cell and biomass growth, fluid chemistry alteration, and mineral surface modification (Abdel Aal et al., 2004 Ntarlagiannis et al., 2005b) . Abdel Aal et al. (2010) studied the effects of bioclogging on the complex conductivity signatures of porous media and associated changes in hydrological properties. They attributed the observed changes in the polarization signals to the different stages of surface attachment and biofilm growth. Another study also demonstrated the sensitivity of complex conductivity signals to artificial biofilms (Ntarlagiannis and Ferguson, 2009) . A review of current biogeophysical research is provided by Atekwana and Slater (2009) . In spite of significant advances that have been made over the years, the application of geophysical methods to study microbial processes is still in its infancy, with most biogeophysical research focusing on establishing petrophysical correlations between geophysical attributes and microbial processes.
Reactive transport modeling provides an integration tool to quantitatively estimate and predict biogeochemical processes (Atekwana and Slater, 2009; Li et al., 2011; Vilcáez et al., 2013) . Such models can be used to predict changes in aqueous chemistry, solid phase composition, dynamic porosity and permeability, and other subsurface properties. With proper constraints from experimental or field data, reactive transport modeling can provide a powerful tool for mechanistic understanding of processes and quantitative prediction of property evolution in subsurface (Schafer et al., 1998; Islam and Singhal, 2002; Mayer et al., 2002; Prommer et al., 2003; Li et al., 2009 Li et al., , 2010 Li et al., , 2011 Centler et al., 2010; Wissmeier and Barry, 2010) . However, the use of reactive transport modeling is often limited by the available data and sufficient constraints to reduce the degree of freedom (Baveye and Valocchi, 1989; Tan et al., 1994; Clement et al., 1996; Kildsgaard and Engesgaard, 2001; Thullner et al., 2002 Thullner et al., , 2004 Chen et al., 2009; Singha et al., 2011) . The joint use of geophysical data and reactive transport modeling has the potential to improve both methods in process understanding and quantification. Given the uncertain and nonunique nature of geophysical data (i.e., signals can respond to a variety of changes that occur during a subsurface perturbation), modeling can help to distinguish the geophysical signature associated with particular processes or end products. In turn, geophysical monitoring can provide constraints for modeling on processes that are difficult to measure using conventional approaches, such as the evolution of solid phase properties and the accumulation of biomass. A few recent studies have demonstrated the value of combining geophysical monitoring and reactive transport modeling for improved understanding of various processes (Scheibe et al., 2006; Singha et al., 2011; Wu et al., 2011; Sassen et al., 2012) . However, to the best of our knowledge, there have been no studies that focus on combining such methods to understand, quantify, and monitor bioclogging processes as is needed to improve the various bioclogging applications that are of interest to the energy and environmental community.
The objectives of this study are to identify the electrical signatures of the bioclogging process, develop a reactive transport model that can accurately simulate biopolymer-induced clogging of porous media, and explore the joint use of reactive transport modeling and geophysical monitoring in gaining insights about bioclogging processes that would have been challenging to identify using a single approach alone. We studied the fermentation of sucrose media and production of a biopolymer called dextran using the bacteria Leuconostoc mesenteroides. We chose to explore clogging through dextran production because its production mechanism has been well understood (Naessens et al., 2005) and its clogging capabilities have been demonstrated Fogler, 1994, 1996) . Our approach is to perform geophysical and aqueous geochemical monitoring together with reactive transport modeling studies of a column experiment. The developed model is then used to numerically explore the injection conditions under which bioclogging are effective and to quantify the evolution of petrophysical and geophysical properties. This is a first attempt to jointly use geophysical observations and reactive transport modeling results to study bioclogging. This will lay the petrophysical and modeling foundation for large field-scale bioclogging simulation and predictions.
MATERIALS AND METHODS

Experimental section
Microbial selection L. mesenteroides was chosen as the model bacteria for this study. It is a facultative microbe widespread in natural environments (Reiter and Oram, 1962) . Most strains of L. mesenteroides appear as cocci in liquid culture, and their ability to produce viscous polysaccharides (presumably dextran) was observed in the early days of modern microbiology (Pasteur, 1861) . For potential application in MEOR and other treatments where the need to minimize clogging E62 near the wellbore is desired, L. mesenteroides has the advantage of selectively producing dextran based on the supplied growth media. That is, L. mesenteroides can produce dextran with sucrose, but not with glucose (Lappan and Fogler, 1994; Padmanabhan and Kim, 2002) . This functionality potentially allows one to optimize injection strategy for targeted clogging at desired locations.
Dextran production by L. mesenteroides is an enzymatic reaction that starts with the expression of the enzyme dextransucrase. Detailed descriptions of L. mesenteroides and the formation of dextran can be found in literature (Naessens et al., 2005) . The reaction kinetics will also be discussed in the following reactive transport modeling subsection.
The microbe stock solution was acquired from American Type Culture Collection (ATCC) (8293) and was incubated in a growth media containing sucrose (15 g∕L), sodium acetate (1 g∕L), ammonium citrate (0.6 g∕L), KH 2 PO 4 (100 mM), K 2 HPO 4 (100 mM), trace minerals (0.0592 mM Mn 2þ ; 0.984 mM Mg 2þ ), Thauer's vitamins (a few μM for most vitamins contained), and yeast extract (0.5 g∕L). The microbes were incubated for ∼20 h at 30°C in the growth media (pH ¼ 6.8).
Column setup
A schematic of the experimental column setup is shown in Figure 1 . The middle section of the column had a dimension of 2.54 cm inner diameter by 8.4 cm length, and it was packed with Ottawa sand (∼600-μm diameter). The parameters of the packed column are shown in Table 1 . The porosity was calculated through comparing the weight difference between a dry and a watersaturated column. Two ports were installed on the middle section of the column for microbe and sucrose media injection as well as fluid sampling. The two end pieces of the column were fitted with ports for Ag∕AgCl electrode housing for electrical measurements. A 0.2-μm filter was installed on each end piece for confinement of the sand in the middle as well as to minimize microbial migration out of the sand pack in the middle compartment; thus, microbial activities and dextran production occur only in the sand pack. This ensured that the total mass of produced dextran was captured within the measurement channel allowing for dextran quantification through mass balance from up-to downgradient of the sand pack. After assembly, the column was packed with the sand used in the experiment and saturated with a NaCl solution with matching fluid conductivity of the growth media (1.3 S∕m) to acquire a baseline electrical data set for system testing and reference.
Experimental procedure
The materials and parts used for the column experiment were sterilized with an autoclave or an ethanol rinse (whichever was applicable) before assemblage. The Ottawa sand used in the columns was pretreated with a 10-mM hydrochloric acid solution for 24 h to remove oxides. After oxide removal, the sand was washed with deionized water for a few times and then autoclaved before being wet packed into the column with the sucrose growth media solution as the wetting phase. After packing, about three pore volumes of the growth media were pumped into the column at 0.1 ml∕ min before effluent fluid conductivity reached the influent value (1.3 S∕m) indicating a steady state condition. One pore volume of the microbial suspension (∼27 ml with a cell density of ∼2E8 cells∕ml) was then injected into the column, and the column was left for 24 h for cell growth and colonization. Following inoculation, baseline geophysical and geochemical parameters were sampled before starting the experiment. We used an "inject-thenpause" method to increase fluid residence time for enhanced dextran production. For each inject-then-pause cycle, a 30-ml fresh sucrose media was injected into the column over a 60-minute period, and then the ports were shut off and the column was left for 24 h for the dextran production to occur. This process was repeated 10 times. Electrical geophysical measurements were collected after each fresh sucrose media injection to ensure that the Figure 1 . Schematic setup of the column for the experiment. The sediment packed into the column was Ottawa sand with ∼600-μm average diameter. The term S pore means the surface area per unit pore volume Bioclogging monitoring and simulation E63 pore water chemistry was the same for each measurement and the changes in response could be exclusively related to dextran production.
Geochemical and microbial analysis
Before each fresh media injection, 1 ml of pore fluid was extracted with a syringe from the sampling port in the middle of the column (Figure 1 ) and preserved with 10 μl of 70% formaldehyde for microbial cell counts and total organic carbon (TOC) analysis in the pore fluid. For microbial analysis, the cells were stained with acridine orange, fixed on glass slides, and counted using a Zeiss Axioskop fluorescence microscope. Samples for TOC analysis were filtered with 0.2-μm filters to remove small dextran fibers and microbes and analyzed with a Shimazu TOC analyzer. The mass balance of the TOC was used to estimate dextran production in the column over time. We note that TOC consumption in the column was a sum of the usage for dextran production, cell growth, and enzyme production. The utility of TOC for dextran quantification is based on the assumption that organic carbon used for cell growth is minor, which was verified with cell counts as discussed in a later section. Fluid conductivity and pH were measured every other day with standard probes and meters from Thermo Scientific.
Destructive sampling
After the experiment, the column was drained and the sand in the column was carefully collected to measure insoluble dextran trapped in the sand pack. The collected sand was washed three times with 50-ml deionized water (>18 MΩ) to remove the dextran in the pore spaces or those loosely affiliated with the sand grains. The wash fluid was then forced through preweighted 0.2-μm filters to collect insoluble dextran. Deionized water was forced through the filters after dextran collection to rinse off residual growth media. The filters were then dried at 60°C overnight and weighed to calculate the amount of dextran they collected. The washed sand was dried and weighed as well. The dry weight difference of the sand before and after the experiment was the amount of dextran still affiliated with the sand surface after washes, i.e., those strongly associated with the sand surface. The dried sand was subsequently heated at 550°C for 1 h, and the weight loss during the thermogravimetric analysis was also used to confirm the amount of dextran still attached on the sand grains after washes. The sum of the dextran in the wash fluid collected on the filters and those on the sand grains is the total insoluble dextran produced in the column at the end point of the experiment and was compared with TOC results. Note that efforts were not taken to separate cells from biopolymer because of their close affiliation, and the contribution of the microbial cells to the total biomass was considered negligible.
Geophysical methods
Measurements of complex resistivity ρ Ã (or conductivity σ Ã ) were used in this study to monitor geophysical signatures of bioclogging. A detailed discussion of the method can be found in Kemna (2000) . Briefly, complex resistivity signals measure the charge conducting property of a porous medium and are normally frequency dependent for geologic samples. For fully saturated porous media, the real (or in-phase) component (σ 0 ) of the complex term measures charge conduction electrolytically (σ f ) through interconnected fluid filled pores and along the mineral surfaces (σ 0 S ). These two pathways are conventionally considered parallel at low frequencies (Revil and Florsch, 2010) . For porous media with no clay content (i.e., lack of narrow pore throats), the imaginary (or quadrature) component (σ 0 0 ) of the complex conductivity at low frequencies measures charge storage through the electrical double layer (EDL) polarization at mineral/fluid interface. When complex conductivity is measured in a frequency domain, the magnitude jσj and the phase φ values are normally recorded and converted to the real and imaginary components of the complex term. The correlations between these different terms can be expressed as
where F is the formation factor of the porous media (F ¼ ∼10 at the start of this experiment) and σ w is the pore fluid conductivity. Complex conductivity measurements were collected with a National Instruments dynamic signal analyzer (DSA, NI 4461) using Ag∕AgCl electrodes installed along the length of the column (Figure 1 ). The measurements were recorded relative to a precision reference resistor over 40 frequencies spaced at equal logarithmic intervals from 0.1 to 1000 Hz. The accuracy of the conductivity magnitude measurement is better than 0.5%, and the accuracy of the phase measurement is better than 0.2 mrad and 0.4 mrad at < 400 Hz and between 400 and 1000 Hz, respectively.
We expect to observe changes in electrical resistivity and polarization from dextran production based on the assumption that dextran is a nonconductive and nonelectrically polarizable molecule. This assumption is reasonable because dextran is a complex glucan and the molecule is nonpolar (or weakly polar at the best). Long chain and branched dextran is largely insoluble and can exist in the pores and on grain surfaces, both of which could change the resistivity and phase signals through pore blocking or surface passivation.
Reactive transport and petrophysical modeling
Reaction network and kinetics
We formulated the reaction network associated with dextran bioclogging based on published findings (Dols et al., 1997 (Dols et al., , 1998 Santos et al., 2000) . The overall reaction network can be classified into two stages: (1) cell growth and enzyme production and (2) enzyme catalyzed dextran production. The stoichiometric representation of the overall cell growth can be written as (Rittmann and McCarty, 2001 ). Cell growth reaction in equation 5 is derived using the bacterial energetic method given by Rittmann and McCarty (2001) . According to this method, some fraction of the energy produced by the reaction is used for cell maintenance and the remaining fraction is used for cell growth. Note that detachment and decay processes were not considered in our model due to the short duration of the experiment as well as the insufficient data availability and models. In deriving the reaction network, we assumed a fraction of 0.4 for cell growth and 0.6 for cell maintenance (VanBriesen, 2002) . The produced enzyme dextransucrase catalyzes the conversion of sucrose into dextran and fructose as 5:3 sucrose þ dextransucrase ⇔ sucrose:dextransucrase
The reaction can potentially lead to dextran accumulation in porous media. The rates of the two microbe-mediated reactions follow the Monod rate law (Monod, 1949; Rittmann and McCarty, 2001) , which can be represented as
where C sucrose is the sucrose concentration in mol∕L. The cell growth rate and the dextran production rates, expressed as R r , depend on the rate constant k max;r (mol∕L∕cells∕s) and also on the amount of biomass X r (cells). For example, in equation 6, the enzyme-mediated dextran production rate R 2 depends on k max;2 and the amount of enzyme X 2 , which depends mainly on the amount of biomass given by Michaelis-Menten reaction kinetics. The rate constants k max for cell growth reaction in equation 5 and enzyme catalyzed reaction in equation 6 are 2.0656E-17 and 3.598E-12 (mol∕L∕cells∕s), respectively. These values were obtained by fitting the experimental data of dextran production over time. The half-saturations K M;sucrose in equation 7 for reactions in equations 5 and 6 are 7.3E-3 and 7.3E-4 (mol∕l), respectively, which are among the typical values in literature (Jung et al., 1999; Liu et al., 2001 ). The molar volume of the biomass was assumed to be 336 cm 3 ∕mol, a number in the middle range of those reported in the literature (Loferer-Krossbacher et al., 1998) . In addition to these kineticcontrolled reactions, a series of aqueous speciation reactions occur in the aqueous phase and are typically considered instantaneous reactions. These reactions are listed in Table 2 and described in the next section (Lichtner, 1985; Morel and Hering, 1993; Li et al., 2006) with their equilibrium constants K eq obtained from thermodynamic database that has been extensively used (Wolery et al., 1990) .
Reactive transport modeling
Modeling of the representative processes in dextran production was carried out using CrunchFlow (Lichtner, 1985 (Lichtner, , 1996 Steefel et al., 2005; Li et al., 2008; Steefel, 2008; Salehikhoo et al., 2013) . Reactive species were grouped into primary and secondary species (Table 2) (Reed, 1982; Lichtner, 1985; Kirkner and Reeves, 1988) . The model solves the mass conservation equations for the primary species, and concentrations of the secondary species were obtained from thermodynamic equilibrium relations using primary species. Mass conservation of the primary species in the aqueous phase can be represented as
Equation 8 is the conservation equation for an aqueous primary species i in a control volume with fractional pore volume (porosity) φ and concentration C i (mol∕L). D i (m 2 ∕s) is the dispersion/ diffusion coefficient of the species, and u (m 2 ∕s) is the superficial velocity. The symbols ν ir and ν im are stoichiometric coefficients of species i in microbe-mediated reactions with rate R m (mol∕L∕s) and mineral precipitation/dissolution reaction with rate R m (mol∕L∕s). The mineral dissolution/precipitation rates R m are represented with transition state theory (Lasaga, 1998) . Subsequent variation of the 
whereM is the molar weight (kg∕mol) of the solid phases and ζ is the mass density (kg∕m 3 ) of the solid phases. These equations were discretized in a 1-D grid with 100 blocks and solved computationally. The parameters of the column are shown in Table 1 . According to the experimental procedure, the pore space was replaced with fresh sucrose media every 24 h. The injection of the fresh media took place in 1 h, and the column was allowed for dextran production for the next 23 h. Geophysical data and geochemical samples were taken at the end of the 23-h period. In the simulation, flow and reactions were considered for the first 1-h injection period. Reactions continued under no-flow conditions for the next 23 h. This procedure was repeated for 10 cycles to be consistent with the experimental procedure. The end time point solid phase composition (of minerals, cells, and dextran) and aqueous concentrations of each cycle are the initial conditions of the subsequent one. Reactive transport modeling was used to match the dextran data and the electrical geophysical data by adjusting several key parameters, which will be elaborated in the next subsection. The obtained parameters were then used to predict the evolution of petrophysical and geophysical properties under injection conditions in flow through bioclogging column experiments documented in the literature Fogler, 1994, 1996) .
Petrophysical model for resistivity and phase prediction
The solutions to equations 8 and 9 give spatial and temporal evolution of the aqueous geochemistry and mineral and biomass compositions during the bioclogging process. The ionic strength (I) of aqueous solution can then be estimated using
where z i is the charge of species i and N aq is the number of aqueous species. Several empirical correlations exist to estimate the electrical conductivity of the aqueous fluid (σ w ) using the ionic strength. Lind's relation (Lind, 1970) is one example, which is given as
where ρ w is aqueous resistivity (ohm-m). The aqueous electrical resistivity was related to the properties of the porous media using Archie's law (Archie, 1942) . For the single-phase saturated porous media used in this work, the resistivity of the bulk media (ρ) is a function of formation factor (F ¼ ϕ −b ) and fluid resistivity (ρ w ). The relationship is typically given as
where the cementation exponent b was used as a fitting parameter to match the resistivity data. According to Lesmes and Friedman (2005) , values of b range from 1.2 to 4.4, depending on conditions such as the states of consolidation and geometrical arrangement of grains. In this work, the value of 1.5 gives the best fit to the electrical resistivity data, which fall in the range for unconsolidated materials. Equation 12 calculates effective resistivity of the porous medium filled with ionic fluid and is used to predict the resistivity of the column during the bioclogging process. It has been observed in the literature (Knight and Nur, 1987; Slater and Glaser, 2003; Slater et al., 2006; Weller et al., 2010 ) that the power law relationship exists between the imaginary conductivity (σ 0 0 ) and the surface area per unit pore volume (S pore ). In this work, we applied similar relations to predict imaginary conductivity (σ 0 0 ) as
where d is the constant of proportionality, the value of which is determined to be 7.0E-5 to best fit the phase data. Note that although equation 13 was developed for porous media without a biological component, it yields reasonable results as shown in later sections, indicating that such correlations can be applied similarly in biological systems. Equation 13 was used to predict the imaginary conductivity from S pore , which varies with porosity through the following function:
In this equation, ϕ 0 and ϕ c are the initial and critical porosity and S pore;0 is the initial surface area per unit pore volume (Table 1 ). The value of S pore;0 was determined using column packing conditions, i.e., packing dimensions, porosity, and grain size of packing material. The critical porosity ϕ c is the porosity at which the porous media become fully clogged. It was determined to be 0.15 in our case by fitting the phase data. The phase of the complex conductivity can be obtained using equation 4. Note that the exponents in equations 13 and 14 are based on other researches because evaluations based on biopolymer studies are not available.
The procedure of the coupled reactive transport modeling and predictive geophysical modeling is presented in the flowchart in Figure 2 . Reactive transport model was formulated for bioclogging column experiment by passing initial conditions, i.e., porosity, permeability of the bioclogging column, and the inoculated microbe mass. The numerical simulations were carried out for experimental operating conditions with sucrose concentration and injection conditions. Aqueous species concentrations were solved using equation 8, and the subsequent biomass species (dextran þ L. mesenteroides) immobilization was calculated using equation 9. The modeling output at the corresponding times of experimental monitoring and sampling includes dextran mass, ionic strength, and porosity and permeability. These values were used in the petrophysical models (equations 10-14) to predict geophysical variables. The model prediction dextran mass, resistivity, and phase were compared with the bioclogging experimental monitoring data. Several parameters, including cell growth and dextran production rates in equation 7, b in equation 12, d in equation 13, and critical porosity in equation 14, are adjusted to match the data.
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Model prediction of bioclogging under variable injection conditions
With the model parameters obtained by matching the experimental data as discussed above, the reactive transport model was used to explore the effects of flow rates and sucrose injection concentrations on the efficiency of bioclogging and on the associated geophysical signals. Numerical experiments were carried out according to the flow sheet presented in Figure 2 . Sensitivity of the bioclogging under the conditions of continuous sucrose media injection into the column is tested for 50 days. Here, we simulated four bioclogging scenarios by using two different sucrose concentrations 1.5 and 15 g∕l in the injection media with two different flow rates of 0.1 and 1.0 ml∕ min. The flow rates and sucrose concentrations were chosen to be the same as those used for the Damkohler experiments by Fogler (1994, 1996) . The column in these numerical simulations has similar dimensions and morphology as that of the bioclogging experiment in this work. The parameters obtained by matching the experimental work in this study were used in the reactive transport modeling and petrophysical modeling for the flow through column experiments.
RESULTS AND DISCUSSION
Microbial and geochemical results
Total microbial cell counts (Figure 3 ) revealed a twofold increase in cell density from approximately 2.0E þ 8 to 4.6E þ 8 cells∕ml in the pore fluid during the first three days of the experiment. After day three, the cell counts decreased to below 3.0E þ 8 cell∕ml. Overall, the increase in cell counts was not considered significant. Therefore, the consumption of organic carbon by cell growth was assumed to be minor compared to those used for dextran production. This suggests that the calculation of dextran production based on the mass balance of TOC was reasonable. Note that the cell counts were measured based on extract pore fluids and therefore did not take into account the microbial cells attached to the sand grains. However, the total contribution to TOC consumption from cell growth was still negligible even if the amount of cells attached to the sand grains is an order of magnitude higher than those in the pore fluids based on an estimated weight of a single microbial cell at 10 −12 g. Figure 3 also shows the morphology of the dextran produced at nine days after the initiation of the experiment. The produced dextran is fiberlike with lengths varying from millimeters to centimeters. Many of the microbial cells are affiliated with the dextran consistent with research showing close association between exopolymer material and cell surfaces (Vandevivere and Baveye, 1992b) The TOC content of the fluids collected from the column was measured to quantify dextran production over time. By comparing TOC concentrations in the injected fresh media and those collected at the end of each step, TOC consumption for each injection was calculated to range from 80 to 140 mg per injection (∼3-5.2 mg∕ml of injectate). Assuming most of the TOC was used to produce dextran, which has an organic carbon at ∼45% based on its typical molecular structure ðHðC 6 H 10 O 5 Þ x OHÞ, daily dextran production ranged from 180 to 310 mg per injection (∼6.7-11.5 mg∕ml of injectate), and the total accumulated dextran during the experiment was approximately 2.1 g. The recovered dextran from postexperimental destructive analysis was approximately 1.5 g total, with about 1.2 g from the wash fluids and 0.3 g from the dried sand grains. Although difficult to confirm, the discrepancy of the total dextran between destructive analysis and fluid TOC analysis may be related to the incomplete recovery of the dextran during destructive analysis or from the loss of water during the drying process because dextran is highly hydrated. In addition, dextran production calculated based on the mass balance of TOC tends to overestimate because the amount of TOC consumed for cell growth, enzyme production, and the release of CO 2 was not accounted for, although these contributions were relatively small.
The fluid conductivity of the initial fresh growth media was 1.3 S∕m and was increased to 1.5 S∕m after 24 h of fermentation. The pH of the fresh sucrose media was ∼6.8 AE 0.2, and it was reduced to 5.6 AE 0.2 at the end of fermentation. The variations of fluid conductivity and pH at the end of each injection were within 5% and AE0.2 pH units, respectively. The conductivity increase and pH decrease can be attributed to organic acid production as well as CO 2 production and dissolution during sucrose fermentation (equation 5). Figure 4 shows spectral electrical data collected during the experiment. Data from day zero are the baseline data measured after microbial inoculation and are identical to the baseline acquired before microbial inoculation, indicating minimal effects from microbial cells, which could be related to the high fluid conductivity of the pore fluid. A continuous increase of resistivity from 7.7 to 8.6 ohm-m was observed during the experiment. Because each resistivity data set was collected after fresh sucrose injection, therefore the pore fluid chemistry is identical to the baseline, the change of the resistivity can be linked exclusively to dextran production. Note that the dextran formed in the column was small in total volume; thus, the amount of residual fluid trapped within its structure should be minor and should not have a significant effect on the geophysical signals. In addition, the change in the pore fluid conductivity between freshly injected growth media and those in the column after 24-h incubation was relatively small, further supporting minor effects of any trapped fluid within the dextran on the geophysical signals. The phase and imaginary conductivity showed small but consistent changes over time (Figure 4) . The baseline phase (0.7 mrad at peak frequency) and imaginary conductivity (8.9E-5 S/m at peak frequency) signals at day 0 were presumably associated with the electrochemical polarization at the EDL of the silica sand used in the experiment. We note that a clear critical frequency with maximum phase value was observed for each spectrum, but at higher frequencies (∼300 Hz) when compared with other studies where the peak frequency was observed at much lower values (< 0.1 Hz) (Lesmes and Frye, 2001; Weller et al., 2010; Revil, 2012) . This critical frequency was consistently observed throughout the experiment and was also observed in a preliminary test run. The preliminary experiment was conducted for geophysical data assessments without microbial and geochemical analysis and thus is not presented here. This high critical frequency could be related to the high fluid conductivity as well as the complex components of the sucrose growth media, which can potentially modify the EDL property and its polarization characteristics through surface complexation between functional groups and mineral surface sites. Also shown in Figure 4 is the system test data with the NaCl solution having the same fluid conductivity with the growth media. This data set shows that when saturated with the NaCl solution, a polarization signal over the same frequency range was not observed, indicating the likelihood of the contribution of the sucrose growth media to the observed polarization signals. However, further investigation of this observation is warranted. Figure 4 shows that small but consistent decreases of phase and imaginary conductivity were observed, which suggests that there is a systematic electrical response to the production of dextran because the pore fluid chemistry was the same for all the measurements. It is worth noting that imaging the small amount of electrical signal changes observed in this experiment will be difficult in the field. However, the amount of dextran produced in this experiment and the baseline polarization signal are very small. In a field setting where the baseline polarization signatures are normally much higher, the changes in electrical signals could be much enhanced, thus becoming a reasonable target to monitor. It is also noteworthy that previous studies on the effects of biofilms on electrical signals generally observed increases of the polarization signals (Ntarlagiannis and Ferguson, 2009; Abdel Aal et al., 2010) , contrary to our observations in this experiment. Although not confirmed, this may be related to the differences in electrical properties between the biopolymer produced in this experiment and the biofilms generated in those studies.
Geophysical data
Correlations between resistivity, phase, and the accumulated dextran in the column were observed during the experiment, as shown in Figure 5 . The amount of produced dextran is positively correlated Figure 4 . Spectral electrical responses during the experiment: (a) resistivity, (b) phase magnitude, and (c) imaginary conductivity. Note that baseline data with the NaCl solution (fluid conductivity at 1.3 S∕m) is also presented.
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with resistivity increase and negatively correlated with phase values except the last two data points where a slight increase of phase is observed, which could be related to dissociation of the biofilm from the mineral surface. As mentioned earlier, dextran was assumed to be a nonconductive and nonpolarizable substance based on its polymeric and nonpolar nature. The distribution and geometric arrangement of dextran within the pore space of the sand matrix are important for understanding the electrical signals. However, this was difficult to evaluate because of the elastic (and potentially mobile) nature of the dextran in the sand matrix; thus, its original structural arrangement could not be preserved during destructive sampling. Nevertheless, based on the postexperimental analysis dextran was found on sand grains and in fluids, indicating that dextran existed in the pore space as well as affiliated with the sand surface. As such, it is reasonable to assume that dextran acted as a pore-filling and surface-passivating reagent, although a quantitative estimation of the relative contribution of each is difficult based on available data. The observed increase of resistivity and decrease of polarization signals are thus interpreted to be associated with the decrease of porosity and sand grain surface masking effects that reduce the available mineral surface area for charge polarization on the sand surface.
Reactive transport and petrophysical modeling Figure 6a compares the reactive transport modeling output of dextran over time with the measurement data. The fit was obtained by adjusting the cell growth rate and the dextran production rate in equations 5 and 6. The predicted porosity evolution of the column is plotted in Figure 6b . The porosity of the column decreased from its initial porosity of 0.638 to 0.591. The approximate 5% change in total pore volume is attributed to the dextran production during the experiment. Note that the porosity of the column at the end of the experiment could not be measured because the samples were destroyed to estimate the mass of produced dextran. In addition, it is very difficult to preserve the original volume of the dextran in the hydrated form during the porosity measurement steps that involve drying. Measured electrical resistivity and phase changes during the experiments were compared with output from reactive transport modeling in Figure 7 . Aqueous species concentrations from reactive transport modeling were used to calculate the ionic strength of the pore fluid in the column using equation 10. The effective resistivity of the column was estimated using petrophysical correlations in equations 11 and 12 and by adjusting the cementation factor b. The mineral surface area and imaginary conductivity were computed using equations 13 and 14, respectively, and the phase of the complex conductivity measurements was calculated using equation 4. Figure 7a shows the evolution of resistivity for experimental and modeling results. The predicted resistivity change has the same trend as was observed in the experiments. As mentioned before, the change in the ionic strength of the aqueous phase was not significant due to the fresh replacements of sucrose media every 24 h. As a result, the effective resistivity is closely related to the evolution of the porosity (through the formation factor) of the column, as described by equation 12 and Figure 6b . Figure 7b shows the evolution of the phase from geophysical measurements and that from predictive petrophysical modeling and the predicted evolution of S pore . In the petrophysical model, the effect of dextran production on S pore was based on equation 14 and the calculated S pore was then used to estimate expected changes in imaginary conductivity (equation 13) and phase Figure 5 . Correlation between accumulated dextran, resistivity, and phase (at ∼100 Hz) during the experiment. (equation 4). Immobilized dextran in the column was assumed to be uniform throughout the column; therefore, there was uniform variation of S pore throughout the column. After day one, model prediction of phase and S pore decreases almost linearly as dextran production increases (Figure 7b ). The models overpredict the decrease of phase during most of the experiment, likely due to the overestimation of the initial surface area value S pore;0 that was calculated based on the column dimension, porosity, and grain size. Surface area is known to be critical in determining the physical and chemical properties of solids; however, it is challenging to quantify accurately (Helgeson et al., 1984; Petersen et al., 1996) . Nonetheless, the experimental data and the model output are in good agreement in general, which indicates the dominant influence of S pore in determining phase values. The concurrent quantification of porosity and mineral surface area evolution during the experiments shows the promise of the joint use of reactive transport modeling and geophysical monitoring to obtain mechanistic understanding and quantification of physical changes associated with bioclogging processes. Time-dependent data on porosity and surface area are typically challenging to measure nondestructively. The joint use of the two methods can lead to time-dependent estimation of these two parameters and will be very useful in relating the extent of clogging to property changes of the porous media.
Model prediction of bioclogging under variable injection conditions
To understand the conditions under which the maximum bioclogging and petrophysical alteration can be achieved, the developed reactive transport and geophysical model were used to predict the evolution of these key properties under a series of injection conditions. Here we vary two key operational variables, the sucrose injection concentration and the injection flow rate. The specific values of these variables were chosen from Fogler (1994, 1996) , where the experiments were carried out using the same bacteria species and sucrose concentration level in sand columns of the same length. Figure 8 shows the predicted evolution of geochemical, petrophysical, and electrical geophysical properties averaged over the entire length of the column under variable injection conditions. Figure 8a and 8b shows the accumulative dextran formation and average porosity as a function of time for all four cases. With the low influent flow rates of 0.1 ml∕ min, approximately 4 and 19 g of dextran was formed, respectively, within a period of 50 days (blue curves). In contrast, with a high flow rate of 1.0 ml∕ min (red curves), dextran formation is negligible. Corresponding to the dextran formation, average porosity decreased from 0.65 to 0.2 in the case with the largest amount of dextran formation, while the amount of porosity decrease is much lower in the other three cases. This is because lower flow rates lead to longer residence times, which allows sufficient time for the microbe-mediated reactions to occur. Among the cases with the same flow rate of 0.1 ml∕ min, 19 g of dextran was produced with the sucrose concentration of 15 g∕l compared to 4 g of dextran with the inlet sucrose concentration of 1.5 g∕l. This is because higher sucrose concentrations result in higher dextran production rates. Although a negligible amount of dextran was formed at high flow rates in the columns, this does not mean dextran will not form at all under these flow rates. Residence time can be increased with longer columns, which can potentially lead to dextran formation that is deeper into the flow path in longer columns.
Dextran formation alters petrophysical parameters such as permeability and specific surface area. The estimation of these petrophysical parameters is typically challenging. Here, we estimate the evolution of permeability and other properties in the flow through column experiments using the model and parameters validated through the experimental data obtained in this work. The evolution of average permeability at different times over its original permeability value (k 0 ) is shown in Figure 8c . The average permeability value was calculated based on the sequential distribution of local permeability values in each grid block. In the case with the highest dextran formation (0.1 ml∕ min and 15 g∕L sucrose injection), there is more than three orders of magnitude decrease in average permeability of the column, essentially meaning that the column is fully clogged. The second largest change was approximately a 0.3 order of magnitude decrease in the case with 0.1 ml∕ min and 1.5 g∕L sucrose injection. In general, the results here qualitatively agree with Lappan and Fogler's observation that lower flow rates and higher sucrose concentration lead to a much larger amount of dextran formation and a permeability decrease. Quantitatively, the dextran production and the bioclogging rates in this work are significantly lower than those reported by Lappan and Fogler (1994, 1996) . In their experiment, in the case with 0.1 ml∕ min and 15 g∕L sucrose injection , the permeability decreased by three orders of magnitude in five days. For other cases, there were also approximately two orders of magnitude decreases in permeability. This is likely due to different strains used, with ATCC 8293 in this work and ATCC 14935 used in Lappan's work. Lappan and Fogler also used a combination of glucose-fructose and yeast extract as the growing media, while we used the yeast extract with some additions of salts and trace metals. This difference in growing media can potentially contribute to the rate differences because bacteria are known for being sensitive to the chemistry of their growing environment.
The corresponding logarithm of specific surface area (surface area per unit solid volume) of the column, resistivity, and phase is shown in Figure 8d -8f. As the bioclogging progresses, the permeability and specific surface area decrease in proportion to the amount of dextran formed. Likewise, the resistivity increases in proportion to the formation of dextran. The phase of the column decreases consistently with the reduction in conductive mineral surface area in the pore space. These geophysical signatures can be used to nondestructively infer changes induced by the bioclogging processes.
CONCLUSION
In this study, we conducted an experiment to improve understanding of the bioclogging process as well as the ability to monitor and model critical processes using complex resistivity and reactive transport modeling approaches, respectively. During the experiment, small but consistent changes of electrical resistivity and phase responses were observed. A reactive transport model was developed to successfully capture the growth curve of dextran. In addition, the petrophysical models based on the output of the reactive transport simulations successfully reproduced the observed evolution of electrical resistivity and phase. The agreement between simulation results and measured data confirmed that the parameterization of the reactive transport model was realistic and the increasing electrical resistivity signal is controlled by the decreasing available pore space due to dextran production, while the decreases in phase signal correspond to the decrease in available mineral surface area due to the surface attachment effect by the dextran formation. With the developed model and parameters that were constrained by the experimental data, four numerical experiments were then carried out to understand the role of the sucrose injection condition, namely, the injection rate and concentrations, in controlling the bioclogging process and the corresponding extent of geophysical changes. The injection condition plays a pivotal role in determining the bioclogging processes and can be manipulated to control where and how much certain zones can be clogged. Slower injection rates can lead to bioclogging close to the injection point, while possible clogging deeper into the flow path is expected to occur with faster injection rates.
The fact that the joint use of the two methods can quantitatively capture the extent of decrease in porosity and mineral surface area will open new opportunities for understanding and quantifying bioclogging processes. The porosity and surface are challenging to measure nondestructively. Traditional bioclogging experiments typically measure the temporal evolution of hydraulic conductivity without explicitly measuring changes in porosity and surface area of solid phases. The joint use of the modeling and monitoring tools provides evidence of the concurrent change of these two parameters during bioclogging processes. The capability to provide quantitative concurrent estimate of porosity and mineral surface area could potentially lead to new conceptual models for estimating and understanding hydraulic conductivity change during bioclogging processes.
This study is a first step toward the development of a novel monitoring and modeling technology for bioclogging. Close correspondence between the experimental data, geophysical monitoring measurements, and the reactive transport model provides confidence that we have gained an improved understanding of biopolymer clogging in porous media and the improved quantification of changes in physical properties of porous media during the bioclogging process, which is a prerequisite for optimal management. The joint use of geophysical monitoring and reactive transport model would eventually enhance monitoring, modeling, and controlling of subsurface bioclogging processes.
